Abstract Macadamia nut industry is increasingly gaining more space in the food market and the success of the industry and the quality are largely due to the selection of cultivars through macadamia nut breeding programs. Thus, the objective of this study was to investigate the feasibility NIRS coupled to chemometric classification methods, to build a rapid and non-invasive analytical procedure to classify different macadamia cultivars based on intact nuts. Intact nuts of five different macadamia cultivars (HAES 246, IAC 4-20, IAC 2-23, IAC 5-10, and IAC 8-17) were harvested in 2017. Two NIR reflectance spectra were collected per nut, and the mean spectra were used to chemometrics analysis. Principal component analysis-linear discriminant analysis (PCA-LDA) and genetic algorithm-linear discriminant analysis (GA-LDA) were used to develop the classifications models. The GA-LDA approach resulted in accuracy higher than 94.44%, with spectra preprocessed with Savitzky-Golay smoothing. Thus, this approach can be implemented in the macadamia industry, allowing the selection of cultivars based on intact nuts. However, it is recommended that more experimentation to include more data variability in order to increase the classification accuracy to 100%.
Introduction
Macadamia nut industry is increasingly gaining more space in the food market, particularly in Australia, South Africa, and Hawaii, which together account for more than 70% of world macadamia nut production (Piza and Moriya 2014) . In Brazil, according to Piza and Moriya (2014) , this market is represented by three main exporting producers, which in 2012 were responsible for the processing of 79% of the Brazilian crop, which is more than 700 tons of the 1100 produced in the same year.
The success of the industry and the quality of macadamia are largely due to the selection of cultivars through macadamia nut breeding programs, whose goal has been to develop high yielding cultivars that are adapted to specific locations and produce top-quality kernels (Wall 2013) . Cultivars can be selected based on growth, resistance to diseases and insects, kernel mass and uniformity, bark thickness, percentage of kernel recovery, and percentage of kernels (Lee 1996) .
Each main producer country has developed cultivars adapted to their agroecosystem and many cultivars were developed by the Hawaii Agricultural Experiment Station (HAES) and/or using such cultivars in breeding programs (Sobierajski et al. 2008) . In Brazil, the Agronomic Institute of Campinas (IAC) has developed 17 cultivars of macadamia nuts adapted to Brazilian climatic conditions, such as weather, soil type, density, topography, and orchard management (Dierberger and Netto 1985) . However, the Hawaiian varieties developed by HAES are the most cultivated in Brazil, accounting for 80% of the planted area (Sobierajski et al. 2008) , and the main cultivars are 'Keauhou,' 'Keaau,' 'Kau,' and 'Mauka' (Barbosa et al. 2003) .
Different macadamia cultivars can be identified based on the shape and size of the tree, size, width, presence of spines and tip type of the leaves, shell shape, and distinctive shell features (Vock and Bell 1999) . However, Vock and Bell (1999) report that identifying cultivars is a common problem among macadamia nut producers and this is important because each cultivar has distinct characteristics that can influence the type of management, nutrition, pest management, diseases, and the type of crop. Cultivars can present a broad difference in terms of growth, disease and insect resistance, nut mass and uniformity, shell thickness, kernel mass, percent kernel recovery, percent whole kernels, processing characteristics, and kernel quality (Hamilton and Ito 1976) . For example, 'Keauhou' (HAES 246) has a low incidence of gray kernel disease, and 'Makai' (HAES 800) and 'Ikaika' (HAES 333) have less damage from tropical nut borer and southern green stinkbug compared to other selections (Nishijima et al. 2007) . Cultivars also exhibit differences in oil content, fatty acid profiles, sugar concentrations, antioxidant contents, and oxidative stability and identification of cultivars with superior oxidative stability is relevant to macadamia industry, because lipid oxidation imparts off flavors and aromas to nuts and compromises nutritional quality (Kaijser et al. 2000; Wall 2010 ).
Because it is not recommended to plant only one macadamia nut cultivar, because even when self-pollination of plants occurs, cross pollination between cultivars is more effective for the formation of fruit, increasing the number of first quality kernels, the percentage of recovery of the kernels, and the size and number of nuts (O'Hare et al. 2004) . In this way, there is no planting of only one cultivar, but of different cultivars to favor cross-pollination. Because of this, the identification of the cultivars becomes important because several cultivars are harvested together, leading to a mixture of physical and chemical properties of the nuts, consequently the quality of the macadamia nuts arriving at the processor can be highly variable and this may influence the formula by which payment is determined.
In this regard, non-destructive methods as quick tools to classify macadamia nuts according to cultivars can be useful, since it can help the macadamia nut industry to identify the cultivars, helping producers to choose good harvest practices and high-quality nuts. Among the non-destructive techniques, near infrared spectroscopy (NIRS) has presented great potential for evaluating the quality of various food products, since it is a non-destructive technique, fast, safe operation, relatively inexpensive, and provides process automation quality control in agribusiness products (Pasquini 2003) .
The NIRS has been successfully applied to develop models for macadamia nut classification. Canneddu et al. (2016) classified macadamia nuts in marketable and non-marketable models constructed using partial least squares-discriminant analysis (PLS-DA) reporting 93.2% correctly classified macadamia nuts. Guthrie et al. (2004) also discriminated macadamia nuts according to their defects, such as rancidity, brown centers, discoloration, mold growth, germination, and decomposition, using principal components analysis (PCA). In other types of nuts, the NIRS tool was also effective, as in pine nuts, that the classification in different geographical origins using discriminant partial least square (DPLS) obtained an accuracy of 87.8% (Lowe et al. 2017) . In pistachio nuts, NIRS was used for origin authentication and the accuracy results were higher than 90% with the soft independent modeling of class analogy (SIMCA) and PLS-DA techniques (Vitale et al. 2013) .
Currently, there is no information regarding the development of classification models using NIRS and intact macadamia nuts to discriminate macadamia cultivars associated with chemometric techniques. Thus, the objective of this study was to investigate the feasibility NIRS coupled to chemometric classification methods, such as principal component analysis-linear discriminant analysis (PCA-LDA) and genetic algorithm-linear discriminant analysis (GA-LDA) to build a rapid and non-invasive analytical procedure to classify different macadamia cultivars based on intact nuts.
Material and Methods

Plant Material
Intact nuts of five different macadamia cultivars (Macadamia integrifolia Maiden and Betche) were harvested in 2017, as such: 'HAES 246' or 'Keauhou' (n = 160), 'IAC 4-20' or 'Keaumi' (n = 160), 'IAC 2-23' or 'Keaudo' (n = 80), 'IAC 5-10' or 'Kakere' (n = 120), and 'IAC 8-17' or 'Waiaré' (n = 160). The nuts were collected on the tree in Jaboticabal, São Paulo State, Brazil (latitude 21°15′ S, longitude 48°18′ W). Macadamia were dehusked within a 24-h period and each intact nut was weighted to determine the fresh weight and oven dried for 48 h as recommended by O'Hare et al. (2004) , and moisture and dry matter were determined.
Nut Color
The color measurement was individually performed at two sites of each macadamia nut using a Minolta CR-400 colorimeter (Minolta Corp., Japan), which measures the color according to the CIE system (L*, a*, b*) according to McGuire (1992) . Where L* corresponds to the luminosity which ranges from black = 0 to white = 100, the positive a* indicates red and negative a* green. A positive b* indicates yellow and negative b* blue (McGuire 1992) .
NIR Spectra Acquision
For each macadamia nut, two NIR reflectance spectra (11,544-3952 cm , and 64 scans) were collected using a Bruker NIR spectrometer (Tango, Ettlingen, Germany) after temperature stabilization at 25°C. The NIR spectra were averaged, and the mean spectra were used to chemometrics analysis.
Chemometrics
All NIR spectra were processed using MATLAB® software R2012b (MathWorks, USA) with PLS Toolbox version 7.9.3 (Eigenvector Research, Inc., USA). Prior to spectral pretreatment, all NIR spectra were analyzed to identify and eliminate defective spectral outliers, based on Hotelling T 2 and Qresiduals test (Bro and Smilde 2014) .
For the construction of the models, the data were pretreated by the Savitzky-Golay smoothing (15-point window), multiplicative dispersion correction (MSC), and the first and second derivative Savitzky-Golay. Savitzky-Golay smoothing removes noises from the spectra and maintains its original shape; MSC removes effects of light scattering caused by non-homogenous particle size; and the first and second Savitzky-Golay derivatives correct baseline as well as improve the resolution of the spectral bands, while the Savitzky-Golay is applied to remove noises before differentiation (Hibbert 2016; Li et al. 2011; Susi and Byler 1983) .
The classic Kennard-Stone (KS) uniform sampling algorithm (Kennard and Stone 1969 ) was adopted to divide the available samples into training, validation and test sets for construction, and validation of the PCA-LDA and GA-LDA models (Table 1) . PCA-LDA and GA-LDA algorithms were applied using lab-made codes within a MATLAB® environment.
The training set was used for model construction and the validation set for internal model optimization; and the test set was used to evaluate the final classification performance of the model towards external samples.
Principal Component Analysis-Linear Discriminant Analysis
Principal component analysis-linear discriminant analysis (PCA-LDA) is based into a principal component analysis (PCA) reduction followed by a linear discriminant analysis (LDA). PCA is an exploratory analysis technique that reduces the original data into a few number of orthogonal variables that explain most of the original information.
These variables, called principal components (PCs), are arranged in order that the first PC explains the most of the original variance, followed by the second PC, and so on. Each PC is a linear combination of a score (projections of the samples on the PC direction) and a loading (angle cosines of the variables projected on the PC direction) (Bro and Smilde 2014; Geladi and Kowalski 1986) , where the scores are utilized as discriminant variables for LDA. LDA is a supervised classification technique that maximizes the betweenclass (level) variance over the within-class (level) variance (Kelly et al. 2011) , in order to create a linear decision boundary between them (Dixon and Brereton 2009).
Genetic Algorithm with Linear Discriminant Analysis
Genetic algorithm with linear discriminant analysis (GA-LDA) uses a genetic algorithm (GA) as a variable selection technique followed by LDA. GA reduces the original data into a few number of variables according to an evolutionary process (McCall 2005) . These variables are in the same scale as the original data and are selected according to the lowest risk of miss classification G. The G is calculated in the validation set as (Baia et al. 2016 ):
where N V is the number of validation samples; and g n is defined as:
where the numerator is the squared Mahalanobis distance between object x n (of class and/or level index I n ) and the sample mean m I(n) of its true class (level); whereas the denominator is the squared Mahalanobis distance between object x n and the mean m I(m) of the closest wrong class (level). GA was performed through 80 generations, having 160 chromosomes each. Crossover and mutation probability were set to 60 and 10%, respectively. The algorithm was repeated three times, and the best result was chosen. 
Figures of Merit
The classification performance of each model was evaluated using the correct classification rate, sensitivity, and specificity. The accuracy represents the number of samples correctly classified for each data set; and sensitivity and specificity measure the proportion of positives and negatives that are correctly classified. These figures of merit are calculated as follows (BAIA et al. 2016; CARVALHO et al. 2016 ):
where N is the total number of samples; H is the total number of classes (levels); y * h is the number of samples incorrectly classified in the h class (level); TP is the number of true positives; TN is the number of true negatives; FP is the number of false positives; and FN is the number of false negatives.
Results and Discussion
Quality Parameters
Macadamia nuts from all cultivars did not present significant difference (p < 0.05) for fresh weight ( Table 2 ). The nut weight ranged from 6.33 g (IAC 2-23) to 5.16 g (5-10). Penoni et al. (2011) also did not observe differences in weight of macadamia nuts from the cultivars 'IAC 4-20' and 'Keauhou'. On the other hand, Dierberger and Netto (1985) , evaluating the main characteristics of nuts, such as diameter, nut and kernel weight, percentage of kernel, and bark hardness, reported higher nut weight values for 'IAC 4-20' (8.5 g), 'IAC 5-10' (9.5 g), 'IAC 8-17' (6.5 g), and 'IAC 2-23' (8.0 g). This difference can be related to the variation of the cultivars in relation to environmental conditions, such as climate, soil, different management conditions that directly affect the quality of macadamia nuts (Rebouças 1991 ).
Significant differences in moisture (average of 7.70%) and dry matter (DM) content (average 92.29%) between nuts from all cultivars (Table 2) were not observed. These values were in accordance to the quality parameter stated by the Australian Macadamia Industry Code of Sound Orchard Practices (O'Hare et al. 2004 ) and United Nations Economic Commission for Europe (UNECE STANDARD 2010) that recommend that macadamia nuts must have 8-10% moisture and 90% DM.
Regarding macadamia nut color, the brown color that characterizes the macadamia nut shell is produced by the combination of red (a*-positive value) and yellow (b*-positive value) CIE parameter from which the hue angle is calculated (Birch et al. 2009 ). The a* values of the macadamia nuts varied according to the cultivars with higher and positive a* values on the shell of 'IAC 5-10' (10.46) than those of 'IAC 4-20' (9.64) cultivars, indicating higher red color intensity (Table 2 ). Significant difference in the L* was not observed, indicating that there is little luminosity differences between macadamia nut cultivars.
NIR Spectra
The pre-treated NIR spectra of all macadamia nuts from the five cultivars can be seen in Fig. 1 . Overall, there was no difference of NIR spectra according to macadamia cultivar and the observed peaks were related to the presence of the main components of macadamia nut shell, which are lignin (47.6%), cellulose (25.8%), and hemicellulose (11.7%) (Toles et al. 1998 ). For cellulose and hemicellulose, the most important spectral variables were observed at a broadband between 6800 and 6400 cm −1 , related to the first OH stretching overtone and the peak between 5000 and 4500 cm −1 corresponds to the first CH, CH 2 overtone region, and CH, CH 2 , CH 3 combination band region (Guimarães et al. 2014; Canneddu et al. 2016) . For lignin, the peaks are at about 5230 cm , O-H combination bands, and C-O stretches (Guimarães et al. 2014) .
To carry out the discriminant analysis, the NIR spectra were subjected to different pre-treatments, such as SavitzkyGolay (SG) smoothing (Fig. 1a) , SG plus MSC (Fig. 1b) , first derivative Savitzky-Golay (Fig. 1c) , and second derivative Savitzky-Golay (Fig. 1d) .
Classification of Macadamia Cultivars
To discriminate between the five different levels of macadamia cultivars, PLS-DA and GA-LDA were carried out. The best PCA-LDA result was achieved by using 10 principal components (PCs) and NIR spectra pre-treated with the second derivative Savitzky-Golay, which accounted for 98.1% of total variance (Fig. 2) . However, the results were not satisfactory, 58.33% accuracy for the cultivar 'Keaudo', even using pre-processing (Table 3) . A clear separation between macadamia cultivars with overlapping among samples (Fig. 2) was not observed. This might be related to the similarities between cultivars and influenced by climatic factors or that they have the same pollination, that is, the cultivars can be of the same crossing, since they were developed in the same place (Sobierajski 2012).
Regarding the GA-LDA, the discriminant models were developed selecting 27 wavenumbers (Tables 4 and 5 ) and NIR spectra pre-treated with SG smoothing (a), SG plus multiplicative scatter correction (b), SG plus first derivative Savitzky-Golay (c), and SG plus second derivative Savitzky-Golay (d) (Fig. 3) .
The segregation between macadamia cultivar improved when compared to that of PCA-LDA (Table 3) , reaching SG Savitzky-Golay smoothing, MSC multiplicative scatter correction, 1D first derivative Savitzky-Golay, 2D second derivative Savitzky-Golay 94.44% accuracy in test samples for the cultivar 'IAC 5-10' (Fig. 3) . The better performance of GA-LDA can be due to that GA algorithm selects several wavenumbers in a single band, due to collinearity problems and this fact may have contributed to the fact that the GA-LDA technique has discriminated better when compared to PCA-LDA. All in all, it was observed that the four developed models with the different pretreatment were a trend along the DF 1 axis (Fig. 3) . The cultivars 'IAC 4-20,' 'Keauhou,' and 'Keaudo' tend to get together and that is because the cultivars 'IAC 4-20' and 'Keaudo' are progenies of the 'Keauhou' cultivar, which originated from the Hawaii Agricultural Experiment Station (HAES). On the other hand, the cultivars 'IAC 5-10' and 'IAC 8-17,' which are located in the first quadrant of DF 1, are 'Kakea' (HAES 508) and 'Waialua' (HAES 475) progeny, respectively (Sobierajski 2012). The 'Keauhou' and 'IAC 4-20' cultivars also present similarities in carpel and nut shell diameter (Penoni et al. 2011) , and in the composition of oil extract, protein, and crude fiber (Maro et al. 2012) , which might have contributed to the observed clustering among cultivars. 4368; 4712; 5472; 5588; 5708; 6052; 6076; 6296; 6696; 7032; 7232; 7940; 8204; 8620; 8648; 8852; 8944; 8948; 8964; 9132; 9300; 10, 256; 10, 524; 10, 636; 10, 880; 11, 492 SG + MSC 4048; 4060; 4776; 4932; 5468; 5480; 6004; 6996; 7836; 7916; 7980; 9672; 9820; 9920; 10, 712; 10, 888; 11, 268; 11, 288; 11, 320; 11, 532 SG + 1D 4112; 4352; 4476; 4944; 5164; 5392; 5484; 5780; 6048; 6224; 6700; 6804; 6896; 7148; 7528; 8856; 9168; 9320; 9488; 9644; 10, 192; 10, 208; 10, 952; 11, 288 SG + 2D 4128; 4620; 4644; 5228; 5240; 5392; 5844; 5936; 6072; 6148; 7504; 7560; 7656; 9112; 9388; 10, 100; 10, 264; 10, 604; 10, 608; 10, 952; 11, 232; 11, 472 SG Savitzky-Golay smoothing, MSC multiplicative scatter correction, 1D first derivative Savitzky-Golay, 2D second derivative Savitzky-Golay
The classification models were then evaluated for sensitivity for each cultivar, which is the probability that the sample possessing the desired characteristic gives a positive test result, and specificity for each cultivar, which is the probability that the sample without the desired characteristic gives a negative test result (Amodio et al. 2017) . From the results of sensitivity shown in Table 4 , it is possible to verify that the GA-LDA classification models achieved a value of 94.44% for sensitivity for 'IAC 5-10' cultivar, showing that this model is able to correctly classify 'IAC 5-10' cultivar of macadamia nuts based on intact nuts.
All cultivars of macadamia nuts were correctly discriminated with higher 87% specificity, and these results demonstrate the percentage of objects foreign to the category classified as foreign.
A number of literature studies have investigated different methodologies for the rapid determination of food classification and are receiving growing interest in the scientific community and in food industry, especially Vitale et al. (2013) , which constructed classification models according to the origin of pistachio, using techniques such as SIMCA and PLS-DA. In this approach, it was possible to achieve a sensitivity of 90% using PLS-DA and specificity of 97% using SIMCA, demonstrating the applicability of the technique.
Concerning the classification of macadamia cultivars using NIR spectroscopy, from the results of sensitivity and specificity shown in Table 4 , it is possible to verify that this methodology can be used to classify different cultivars of macadamia nuts.
Conclusion
Near infrared spectroscopy (NIRS) and supervised pattern recognition techniques (PCA-LDA and GA-LDA) were effective to classify macadamia cultivars based on intact nuts. Using the GA-LDA technique with pre-treated spectra was possible to reach a value of 94.44% accuracy of macadamia nut cultivars. However, it is recommended that more experimentation, to include more data variability in order to improve robustness and increase the classification accuracy to 100%.
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